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Abstract
This paper presents a computational framework for maintenance scheduling for road assets.
This framework incorporates degradation and maintenance models along with optimization of
maintenance strategies. Uncertainties inherit in the degradation process and eﬀects of mainte-
nance actions are addressed by considering model parameters as random variables and employ-
ing Monte Carlo simulation to estimate the future performance. The optimization involves the
consideration of multiple objectives and the constraints satisfaction. The design variables are
the type of maintenance actions and time of application. The objectives are the minimization
of asset degradation and maintenance costs. The focus of experimental study is on slopes and
retaining walls that are an integral part of many existing road networks. The obtained results
demonstrate the validity and usefulness of the proposed framework. The presented framework
can be generalized and applied to diﬀerent types of infrastructure assets.
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1 Introduction
Most of the developed countries, where Portugal is included, have nowadays a fairly complete
road network. These transportation infrastructures, composed of a set of elements that can
be classiﬁed as bridges, road pavements, retaining walls, slopes and electronic equipments, are
necessary to ensure good mobility conditions. The challenge today is to guarantee all security
and mobility conditions of the road network under increasingly limited budgets. For this,
appropriate tools are needed to help the management team to take the best decisions regarding
the maintenance strategy to be implemented.
In order to accomplish this challenge, diﬀerent tools are required to help the decisions
makers. On the one hand, an accurate model is required to predict the assets degradation
over time. On the other hand, a methodology able to quantify the eﬀect of the diﬀerent type
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of maintenance actions is needed. At the end, the best maintenance plan that guaranty all
security and operational conditions, under the minimal possible cost have to be found.
With models for prediction of the assets degradation and eﬀects of diﬀerent maintenance
actions, the problem of ﬁnding the best maintenance plan can be formulated as an optimization
problem. In essence, the optimal maintenance planning addresses the two conﬂicting criteria:
the performance of assets and the cost of maintenance. As a result, usually there is no single
optimal solution but a set of solutions representing diﬀerent trade-oﬀs, known as the Pareto
set [5]. This set can be approximated by performing multiobjective optimization. Evolutionary
algorithms have proven eﬀective in fulﬁlling this task [1].
This paper presents a computational framework to plan maintenance activities for road
assets. This framework is validated through a case study consisting in maintenance planning
for the slope and retaining wall belonging to a Portuguese highway network.
2 Computational Framework
2.1 Degradation Model
The degradation of road assets considered in this study is modeled by a continuous-time Markov
process. The state space of the Markov process is deﬁned by the condition indexes of the assets,
c ∈ {1, 2, 3, 4, 5}, with 1 representing a very good condition and 5 referring to a very poor one.
This is a classiﬁcation system [6] that is currently used in Portugal. In the Markov process,
the intensity matrix Q represents the rate of the process transitions between the states. Since
it is assumed that, in each time interval, assets can only advance between adjacent states [3],
the elements of Q are null except for the main diagonal and the diagonal above that as shown
in (1).
Q =
⎡
⎢⎢⎢⎢⎣
−θ1 θ1 0 0 0
0 −θ2 θ2 0 0
0 0 −θ3 θ3 0
0 0 0 −θ4 θ4
0 0 0 0 0
⎤
⎥⎥⎥⎥⎦
(1)
The future state transitions are estimated on the basis of the intensity matrix. The elements
of Q are calculated using a historical record of inspections. An initial estimate of the matrix
Q is computed as:
θi = qij =
nij∑
Δti
(2)
where qij represents the transition rate between adjacent states, nij is the number of elements
that moved from state i to state j and
∑
Δti is the sum of intervals between observations whose
initial state is i. Subsequently, the initial Markov model is enhanced through an optimization
process in order to improve the quality of ﬁt. For more details on the process of building a
Markov model an interested reader is kindly referred to [2].
2.2 Maintenance Model
The application of maintenance actions is intended to produce certain impacts on the given
structure. Those impacts can be characterized by: (i) an improvement in the performance at
the time of application, (ii) a delay in the degradation process for some period of time, and
(iii) a reduction in the degradation rate for a period of time after application. The application
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(a) improvement in condition index (b) delay in degradation
(c) reduction in degradetion rate (d) combined eﬀects
Figure 1: Eﬀects of maintenance ections.
of a single maintenance action can result in one of the described eﬀects or in a combination of
them. Figure 1 graphically illustrates possible impacts of maintenance actions.
The parameters modeling the eﬀects of maintenance actions are deﬁned using the experience
and data provided by a major Portuguese highway managing company. When a maintenance
action producing the eﬀect of an improvement in the performance is applied the condition index
is updated by reducing its current value by γ, as shown in Figure 1a. In the case of a delay
in the deterioration process, the condition index remains constant during the period of td, as
illustrated in Figure 1b. In the case of a reduction in the degradation rate, the condition index
deteriorates at a rate of δr during the period of tr, which is slower than a normal degradation
rate. This is depicted in Figure 1c. The combined eﬀects are presented in Figure 1d.
The values of the presented parameters are deﬁned by experts based on their knowledge
and experience. Though, it is not easy to give a precise quantiﬁcation of a certain eﬀect. It is
more realistic to deﬁne a range of possible values. In fact, the eﬀects produced by maintenance
actions are not deterministic. They are inﬂuenced by a wide range of uncertainties that must
be included into the model. Therefore, the parameters (γ, td, δr, tr) are considered random
variables that follow the triangular distribution. The choice of the probability distribution is
motivated by the fact that the triangular distribution is one of the easiest ways of introducing
randomness, with a minimum and maximum deﬁning an interval of possible values and a mode
being the most probable value. Also, these distributions are much easier to explain to those
answering the questionnaire, and who are not so involved with this methodology.
Depending on the current state of a structure, the eﬀects produced by the same mainte-
nance action can vary signiﬁcantly. This issue is addressed by deﬁning diﬀerent values of the
parameters (γ, td, δr, tr) according to the current condition index of the structure. Thus,
considering the condition index between 1 and 5, at most ﬁve diﬀerent triangular distributions
can deﬁne each parameter in the maintenance model, with each distribution referring to the
current condition index.
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2.3 Monte Carlo Simulation
The degradation and maintenance models are deﬁned as stochastic processes. As a consequence,
the future performance of road assets is uncertain and is itself a stochastic process. Therefore,
the Monte Carlo simulation is used to estimate the future performance of assets. It consists in
sampling from probability distributions deﬁned by both models, thereby enabling to translate
the input uncertainties into uncertainties in the results. In each instance of time, the condition
index is characterized by a sample of condition index estimates that represents the probability
distribution of predicted performance. The condition index cj in the j-th year is estimated by
the mean value of the sample ci with i ∈ {1, . . . , ns}, where ns is the number of samples. The
next condition index is a function of the current index and the transition probabilities that are
deﬁned by the Markov process. The transition matrix, P 5×5, is calculated as:
P = eQΔt (3)
Each components of P , pij , deﬁnes the transition probability between state i and j from instant
t to t+Δt. Given the current condition index c, the next condition index c′ is computed using
the probability vector from the row of P which corresponds to the index c. For instance, the
ﬁrst row of P is used when c = 1. For c = 2, the second row of P is used and so on. Based on
the probability vector p, the vector of cumulative probabilities is calculated as:
a = (
1∑
i=1
pi,
2∑
i=1
pi,
3∑
i=1
pi,
4∑
i=1
pi,
5∑
i=1
pi)
T (4)
Next, a random number u ∼ U(0, 1) s generated, and the next condition index is determined
as:
c′ =
⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩
1 ifu < a1
2 if a1 ≤ u < a2
3 if a2 ≤ u < a3
4 if a3 ≤ u < a4
5 otherwise
(5)
The successive condition index is always greater or equal to the current index.
The parameters modeling maintenance action eﬀects are incorporated into the Monte Carlo
simulation. In the corresponding year, the values of these parameters are drawn from triangular
distributions. When there is an improvement in the condition index, the current condition index
is reduced by γ. In the case of a reduction in the degradation rate, the matrix Q is multiplied
by δr. Whereas, a delay in the degradation process is modeled by considering Q as the identity
matrix.
2.4 Optimization
The present study performs maintenance scheduling by addressing the performance of assets
and the cost due to maintenance actions. Since multiple objectives are involved, the problem
is formulated as a multiobjective optimization problem. For searching optimal solutions, a
multiobjective evolutionary algorithm based on decomposition (MOEA/D) [4] is adopted. Each
population member, representing a potential solution to the problem, is encoded as a string of
integers. The length of the string corresponds to the number of years in the time horizon. As
an example, consider a string [3 0 1 7 6 0 2 5 4 9] that represents a schedule of maintenance
actions for 10 years. Each number represents the identiﬁcation number of the maintenance
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action, whereas the position in the string corresponds to the time of application. Thus, 3 at
the ﬁrst position means that the maintenance action of type 3 is applied in the ﬁrst year, 0 at
the second position means that no action is applied in the second year and so on.
The optimization problem involves the satisfaction of constraints that translate demands for
acceptable levels of safety and serviceability typically imposed on the road assets. In this study,
the constraints are deﬁned by the threshold value c for the condition index of the assets. Thus,
a feasible solution must provide a maintenance schedule whose application ensures that at each
instant of the time horizon the conditions index is lower than the speciﬁed threshold value. To
guarantee solutions feasibility, a repair procedure is developed. The underlying idea is to repair
solutions so that the condition index in the successive year crosses the threshold while planning
a maintenance action for the current year. This is carried out during the evaluation process
performed by means of the Monte Carlo simulation. Each time a new solution is generated, it
is sent to the simulation module to estimate the future condition indexes. During the Monte
Carlo simulation, if the condition index violates the threshold in the j-th year (j > 1), then an
integer, representing the identiﬁcation number of maintenance action, is randomly generated
for the (j − 1)-th year and the condition index for the j-th year is recalculated. This process
continues until the feasible condition index is obtained in the j-th year, unless all of the possible
actions have been used.
A solution to a multiobjective optimization problem typically results from two diﬀerent
process: (i) the search process where a set of optimal solution is generated, and (ii) the decision
process in which the decision maker’s preferences are integrated in order to select a single
solution from the set of optimal solutions. This study adopts compromise programming for
the solution selection. In this method, the preferences of the decision maker are expressed in
the form of the weight vector, w, whose components represent the relative importance of the
given objectives. The compromise solution that meets the best preferences is those having the
minimum distance to the ideal objective vector [5].
3 Numerical Study
The numerical study, having the purpose of validating the developed framework, consists in
ﬁnding optimal maintenance schedules for the slope and retaining wall that belong to a Por-
tuguese highway network. The three diﬀerent time horizons are considered (th ∈ {10, 20, 30}).
In accordance with current maintenance practice of the managing company, eight and eleven
diﬀerent maintenance actions are deﬁned for the slope and retaining wall, respectively. The
optimization of maintenance strategies is performed by minimizing the mean condition index of
the assets and the cumulative maintenance cost, discounting the future costs using the concept
of the time value of money. The demands for acceptable levels of service and serviceability are
translated into constraints. According to quality requirements established by the Portuguese
authorities, a threshold c = 3 is considered. This value corresponds to the the worst allowable
condition index of these assets at any instance of time.
The optimization algorithm was run for 300 generations with a population size of 100. For
the diﬀerent time horizons, the obtained nondominated solutions are presented in Figure 2. As
expected, for both the slope and retaining wall, there is no single optimal solution. There is
a set of solutions that represent diﬀerent trade-oﬀs between the performance and the cost of
maintenance. As it can be seen, the larger time horizon, the higher expenses are required to
maintain the structures at the same levels of the performance. For both the slope and retaining
wall, the obtained Pareto optimal curves can be divided into two parts. One part represents
scenarios in which the performance can be improved eﬃciently. Another part oﬀers solutions
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Figure 2: Trade-oﬀ solutions for slope (left) and retaining wall (right).
t 1 2 3 4 5 6 7 8 9 10
slope
w1 0 0 0 0 0 0 0 0 0 0
w2 2 0 0 0 0 0 0 2 0 0
w3 2 0 0 2 0 0 2 0 0 0
w4 2 0 0 2 2 6 2 6 6 0
retaining wall
w1 0 0 0 0 0 0 0 0 0 0
w2 0 0 0 5 0 0 0 0 0 0
w3 5 0 0 0 5 0 0 0 0 0
w4 5 0 5 0 0 5 5 0 3 0
t 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
slope
w1 0 0 0 2 0 0 0 0 2 0 0 0 0 4 0 0 0 0 0 0
w2 2 0 0 2 0 0 2 0 0 0 2 0 0 2 0 0 0 0 0 0
w3 2 0 0 2 0 4 2 0 0 2 0 2 0 4 2 0 2 0 0 0
w4 2 6 6 2 0 6 2 6 2 0 2 6 0 2 0 2 6 4 1 7
retaining wall
w1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
w2 0 0 0 5 0 0 0 0 5 0 0 0 0 0 0 0 0 0 0 0
w3 5 0 0 5 0 0 0 0 5 0 0 5 0 0 0 0 0 0 0 0
w4 5 8 0 5 1 0 5 10 5 0 0 5 0 0 0 5 0 0 0 0
Figure 3: Optimal maintenace schedules for 10 (left) and 20 (right) years.
with increasingly larger expenses. For instance, consider the solutions obtained for slope for the
time horizon of 20 years. It can be seen that the reduction in the mean condition index for the
worst case scenario to the value approximately equal to 2.1 can be achieved incurring relatively
small maintenance costs. However, expenses grow drastically when attempting to accomplish a
further improvement in the performance. Similar scenarios are observed for all the considered
time horizons and both assets. These results stress the importance of a proper maintenance
planning and the need for eﬀective decision support tools.
For each asset, four diﬀerent solutions are selected from the corresponding Pareto front
using compromise programming with the following weight vectors: w1 = (0 1), w2 = (0.1 0.9),
w3 = (0.5 0.5) and w4 = (1 0). Each vector deﬁnes the preferences of the decision maker
with respect to the performance and cost, according to the attributed weights. The optimal
maintenance schedules represented by solutions that meet the best these preferences are shown
in Figure 3. Due to space limitation, the results for 30 years are omitted. It can be seen that the
number of maintenance actions grows when a larger weight is attributed to the performance. On
the other hand, when a larger weight is associated with the cost, solutions with smaller number
of maintenance actions are obtained. Also, it can be seen that the maintenance strategy with
the lowest cost for the retaining wall does not require any actions. Contrary, for the slope,
such scenario is only observed for the shortest time horizon. This is due to the fact that the
retaining wall under study has a better condition index than the slope at the beginning of
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Figure 4: Degradation of slope (left) and retaining wall (right) for diﬀerent time horizons.
the planning period. The intermediate scenarios providing diﬀerent trade-oﬀs can be observed
analysing solutions corresponding to w1 and w2.
For the selected solutions, Figure 4 shows dynamics of the degradation process. From the
plots in this ﬁgure, it can be seen that the larger the weight attributed to the performance, the
lower the performance curve is. Also, it is clear that under suggested maintenance scenarios the
condition indexes of the assets are within the accepted levels, including the solutions with the
lowest maintenance costs that are the most attractive to practitioners. At any instant of time,
the condition indexes are lower than 3. These results suggest that the developed framework is
able to generate adequate maintenance strategies that meet diﬀerent requirements.
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4 Conclusions
In an increasingly competitive environment with limited budgets, the importance of eﬃcient
management of infrastructure assets is well recognized. The purpose of this study is to develop
a computation framework for the maintenance of the road infrastructure. There are three major
modulus composing the framework. The performance module, aiming to describe and predict
the deterioration of assets, is based on a time-continuous Markov process built on the basis
of a historical record of inspections. The maintenance module is developed using the expert
knowledge, and it includes models for the maintenance eﬀects and costs. The uncertainty is
included by considering parameters modeling maintenance eﬀects as random variables following
a triangular distribution. The search for optimal maintenance strategies is performed by the
optimization module considering the minimization of the assets degradation and the cost of
maintenance. This also involves the satisfaction of constraints deﬁned by the acceptable levels
of the assets degradation.
The validity of the proposed framework was demonstrated through a case study consisting
in maintenance planning for the slope and retaining wall belonging to a Portuguese highway
network. The obtained results reveal the ability of the framework to provide maintenance
strategies that are attractive from a practical perspective. As future work, it is intended to
apply the developed framework to maintenance planning for other road network assets. Also,
it is envisioned to extend the framework to an integrated management of a road network,
encompassing its main components, such as bridges, pavements and telematics.
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